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Abstract
This article identifies significant high-risk clusters of autism based on residence at birth in California
for children born from 1993 through 2001. These clusters are geographically stable. Children born
in a primary cluster are at four times greater risk for autism than children living in other parts of the
state. This is comparable to the difference between males and females and twice the risk estimated
for maternal age over 40. In every year roughly 3% of the new caseload of autism in California arises
from the primary cluster we identify – a small zone 20km by 50km. We identify a set of secondary
clusters that support the existence of the primary clusters. The identification of robust spatial clusters
indicates that autism does not arise from a global treatment and indicates that important drivers of
increased autism prevalence are located at the local level.
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Autism (DSM IV-299.0) (APA 1994) is a developmental disorder that impairs social
interaction, communication and predisposes children to restrictive and repetitive behaviors.
Between 1992 and 2006, the autism caseload in California increased by 598% (Newschaffer
et al. 2007). Nor is California unique: where comparable data are available, comparable
increases are observed (Newschaffer et al. 2007). These striking increases are associated with
equally striking dissensus as to cause. While there is evidence of heritability, no marker for
autism is associated with more than 10–15% of all cases, and prevalence has increased far too
rapidly to be accounted for by fundamental changes in the human genome (Folstein and Rosen-
Sheidley 2001). In the scientific community, diagnostic change and/or expansion, increased
exposure to environmental toxins, demographic change, shifting prenatal and obstetric
practices including the advent of new reproductive technologies, and complex social and
environmental interactions with genetics are thought to play a role in the increased prevalence
of autism (Ming et al. 2008,Palmer et al. 2006,Palmer and Wood 2009,Waldman et al.
2008,Windham et al. 2006,Ozand et al. 2003,Kolevzon et al. 2007,Glasson and Bower 2004).
Although credible scientific studies provide no support, the belief that vaccinations cause
autism is widely held in the lay community (Florida Institute of Technology 2008). This article
identifies local spatial clusters of excess risk at birth for autism – thus pointing to the presence
of local social and/or environmental factors as driving increased autism prevalence. By
implication, it challenges arguments that propose causal agents that are distributed at random
with respect to space.
Social and epidemiological research has proposed numerous individual-level risk factors as
salient for autism (Glasson and Bower 2004, Kolevzon et al. 2007), yet the evidence for specific
risk factors is often contradictory, in part arising from temporally and spatially heterogeneous
study populations (King et al. 2009). Most critically, the majority of risk factors identified in
the literature explain little of the overall variance. Two risk factors -- being male and having
older parents -- have been established as definitive (Newschaffer et al. 2007, Schubert 2008).
Evidence for the impact of other factors has been weak and inconclusive.
Historically, the discovery of spatial structures for diseases has been important for identifying
mechanisms, and for falsification of competing hypotheses (Jacquez 2004, Buck 1975, Wagner
1980). If risk is spatially random or universal, then -- after adjusting for population
heterogeneity with respect to known causes -- there will be no significant spatial variation in
prevalence. Consequently, spatial clusters of increased autism should be absent (Fombonne
2003).On the other hand, the identification of local spatial clusters after adjustment for known
causes provides powerful evidence in support of the existence of spatially non-random or non-
universal etiological factors that could cause autism or autism diagnosis. Specifically, the
observation of spatial clustering of autism cases at residence at birth indicates that a process
that operates at a local scale is associated with amplified prevalence. In contrast, the observation
of spatial clustering by residence at diagnosis could indicate selection into neighborhoods for
services or the non-random diffusion of diagnostic regimes. Consequently, the spatial analysis
of residence at birth is preferable to the spatial analysis of residence at diagnosis for identifying
potential causes of autism.
Space, as a proxy for exposure, can also serve as a powerful exploratory tool for generating
hypotheses. Once a reliable risk map is constructed, hypotheses can be generated about possible
exposures. This is especially the case if clusters of significantly increased risk are observed. It
is important that a cluster investigation be carried out with care and scientific rigor. All too
commonly cluster investigations are driven by media reports, hearsay and anecdotal evidence.
For example, the two “autism clusters” reported previously were identified on the basis of
observations made by parents (Baron-Cohen et al. 1999, London and Etzel 2000). In the US
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case, the perception of a cluster was the result of diagnostic misclassification and exhaustive
case finding methods (Bertrand et al. 2001). In contrast, we use a statistically rigorous method
– Kulldorff’s Spatial Scan Statistic (Kulldorff 1997), to demarcate clusters of high risk.
Kulldorff’s SaTScan identifies a single statistically most likely “primary” cluster, and a list of
secondary -- significant, but less likely -- clusters. We systematically search for clusters of sole
autism (autism without other co-morbid conditions) for each year for the birth cohorts 1993
through 2001 in California. We map the clusters and their spatial stability over time.
Methods
Data
We use case and control data obtained by exact and probabilistic matching of all persons with
autism served by the California Department of Developmental Services (DDS) during the
period from 1993 to 2005 (11,683 cases) to the California Birth Master Files (BMF) for the
birth cohorts 1993–2001 (4,176,783 births). Matches were made based on first, middle, and
last name, sex, race, date of birth, and maternal zip code at birth. We focus on the birth cohorts
of 1993 to 2001 in order to eliminate temporal ascertainment biases. Cases of autism (ICD-10
F84.0) not co-morbid with mental retardation or “sole autism” were extracted from this dataset,
aggregated by year and geo-coded to Census-Bureau Zip Code Tabulation Areas (ZCTAs) for
the years 1993 to 1996 and to census block groups for the years 1997 to 2001. The BMF has
zip codes at birth through 1996 and individual addresses from 1997 forward. The addition of
addresses at birth to the Birth Master Files from 1997 onwards allowed for greater geographic
precision in the later birth cohorts. Approximately 93% of the records were geo-coded
successfully. The BMF comprise a control population which is used to calculate the expected
number of cases.
Method
Kulldorff’s Spatial Scan Statistic (Kulldorff 1997), is implemented by the SaTScan Software
(Kulldorff 2006). Kulldorff’s Spatial Scan Statistic (Kulldorff 1997) reduces the problem of
cluster detection to a problem of maximum likelihood estimation over geographical space.
Through a single hypothesis test over space, the method identifies a region, where the
distribution of cases relative to controls (or the expected number of cases) is most likely to be
consistent with a significant excess of risk. By carrying out just one hypothesis test over the
entire geographical space, this method solves the problem of multiple hypothesis testing that
has plagued the cluster detection literature. SaTScan identifies candidate clusters, which are
circles of increasing radii, bound by a maximum threshold radius, centered on pre specified
locations such as ZCTA centroids. Over many candidate clusters SaTScan maximizes the
likelihood ratio, given by
where, LLR represents the logarithm of the likelihood ratio, O is observed cases, E is expected
cases, and n is the total number of cases in the entire region (California). The likelihood formula
assumes that autism cases are distributed as a Poisson random variable and the likelihood ratio
is compared to simulated likelihood ratios generated from Monte Carlo randomizations of the
data to assess statistical significance. The area that has the highest likelihood value (or the
lowest p value) is the primary cluster.
In the absence of any known risk factors, the expected number of cases is calculated by
multiplying the California case rate with the control population in the circle. If there are any
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known risk factors that are not spatially random, then an indirect standardization (Armstrong
1969, Julious et al. 2001) can be done. We standardize (Julious et al. 2001, Armstrong 1969)
for parental age, a spatially structured risk factor. We thus calculate what the expected number
of cases in a neighborhood (block group or ZCTA) would be if the rates in a given age group
in the neighborhood were the same as observed for that age group in all of California. For each
birth, we use a single categorical parental age variable for the adjustment process. The
categorical parental age variable is derived from a continuous parental age variable, by
grouping the continuous variable into 35 and older and 34 and younger age categories. We
analyzed the data for each year from 1993 to 2001 individually searching for non-overlapping
clusters of high and low risk of sole autism in California.
The choice of an appropriate maximum threshold radius for the cluster or maximum cluster
size is important. For this analysis, the maximum allowable cluster size was limited 1% of the
California population, or roughly 5000 births. A 1% upper bound on cluster size provides
locational certainty without compromising statistical power. Smaller clusters have more
statistical and spatial uncertainty, but they allow us to zoom in on specific neighborhoods
(Silverman 1978, Silverman 1986). Larger clusters are more robust, but provide less
geographic information. One approach around this problem is to map nested clusters at various
spatial scales (Boscoe et al. 2003, Boscoe 2008, Chen et al. 2008). The existence of nested
clusters at local scales suggests risks that decay from the center of the nest outwards. A smaller
SaTScan cluster that nests in multiple larger clusters is also statistically reliable, and is called
a “core cluster” by some researchers (Boscoe 2008, Chen et al. 2008). We mapped age adjusted
spatial clusters at 1%, 5% and 10% maximum population thresholds. For all years (1993–2001),
the 1% clusters are nested within the 10% clusters. For a majority of years the 1% clusters nest
within or have a high degree of overlap with the 5% clusters. The risks in the 1% clusters are
always higher than observed in the 5% and 10% clusters. Figure 1 displays the nested clusters
for three representative years and the risks in the nested clusters at all years. From these analyses
we observe that the 1% scan identifies neighborhoods with the highest elevation of risk. Thus,
a 1% threshold is most likely to indentify local and reliable (Boscoe 2008, Chen et al. 2008)
clusters. Since we execute separate scans for each year, and produce maps of temporally stable
clusters, we control for geographic uncertainty even though we use a small cluster population
threshold.
To evaluate the public health impact of a cluster, it is possible to calculate the population
attributable fraction (PAF) -- defined as the proportional reduction in risk gained by elimination
of the exposures (Rockhill et al. 1998, Yiannakoulias 2009). We use the following formula:
Where Oi is the observed number of cases in region i, n is the total number of cases in California
over the observation window, RRi is the relative risk in the i’th cluster, with i=1 the primary
cluster, and i=2, i=3, i=n for the secondary clusters, up to k secondary clusters.
We check the robustness of our methods, assess whether the aggregation of data biases our
analyses and ensure that the reference distributions we use are valid. To test for aggregation
biases from the Modifiable Area Unit Problem (Openshaw and Taylor 1979) we use a one in
five sample from individual level data for 1997 (the middle of our study period) and a Bernoulli
(Kulldorff 1997) Spatial Scan Model to look for clusters. We leave the other Spatial Scan
parameters the same as the Poisson model. The results from the two models are consistent. The
most likely cluster of the Bernoulli model shares 88% of its area with most likely cluster found
using the Poisson model. The default number of Monte Carlo randomizations used by SaTScan
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to evaluate statistical significance is 999. We use this default in our analyses, but we also test
the validity of these reference distributions. For three representative years, we simulated 9999
likelihood ratios to generate the reference distributions. The most likely clusters that were
significant with 999 simulations remained so with 9999 simulations with the p values
converging towards zero with a greater number of simulations. We therefore conclude that 999
simulations are sufficient to generate the reference distributions. Our conclusion is supported
by extensive power calculations undertaken by the creators of the Spatial Scan Statistic, where
999 simulations were found sufficient to generate robust reference distributions (Kulldorff et
al. 2003).
Results
A significant primary cluster is found for every birth cohort in every year. All clusters of sole
autism are located within a 50 km by 20 km area of Northern Los Angeles centered on West
Hollywood. Within this confined area, there is spatial overlap between the clusters that appear
for each year (Figure 2). Children born in these neighborhoods are at approximately four times
greater risk of autism than those born in any other place in California (Column 1, Table 1).
Relative to known risk factors, this is comparable to the difference between males and females
and is twice the risk estimated for maternal age over 40 (Newschaffer et al. 2007). It is possible
that birth clusters -- clusters defined by residence of the child at birth -- arise from compositional
dynamics. Parents at risk for a child with autism may select communities to reside in, and then
have children. Increased parental age and being male are known risk factors for autism and
could drive neighborhood selection. That is, parents with preferences for male children could
select specific kinds of neighborhoods to give birth to their child. There is no evidence that
neighborhoods vary by proportion of male births, and therefore there is no evidence that
neighborhoods are selective on parents who have gender preferences for their children.
Likewise, older parents may have residential preferences different than those of younger
parents. This is the case as neighborhoods vary by age of parents. Nonetheless, adjusting for
parental age does not affect the location of the clusters as can be seen in Figure 3, and column
2 of Table 1.
The public health impact of the clusters is measured by their PAF. In our analysis, the PAF
ranges between a low of 2.4% in 1996 to a high of 4.4% in 1993 (Column 5, Table 1). The
PAF is 2.83% for all years. Thus if the primary clusters we identify were absent, the California
sole autism caseload would decrease by close to 3%. Given that the primary clusters are
bounded within a 20km × 50km area, and account for less than 1% of all births in California
at any time over the observation window, this is a striking contribution.
We identify a set of statistically less likely set of secondary high-risk clusters (Figure 4). The
secondary clusters are located in close proximity to the primary clusters. When all significant
clusters (primary and secondary) are grouped together, the PAF ranges from 4.4% in 1993 to
15.1% in 1998 (Column 6, Table 1). The PAF for primary and secondary clusters combined
is 11.7% for all years.
The etiological conditions in the primary clusters are spatially correlated with those of its
neighboring regions, and therefore, secondary clusters are more likely to present themselves
at a close proximity to the primary clusters than elsewhere. This is explained as a “bleed off”
effect of statistical power from the primary clusters (Kulldorff 1997). In contrast to the primary
cluster, some of the smaller secondary clusters are temporally unstable, and while increased
risk is observed, they may be a product of chance.
Secondary clusters are less likely than primary clusters. They are more numerous than the
primary clusters and therefore give the appearance of covering a large geographical area.
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Nevertheless, their proximity to the primary clusters, and the absence of any secondary clusters
in other parts of California underscore the statistical likelihood of the primary clusters.
An interesting secondary cluster, for the 1994 birth cohort, is a cluster of 12 cases (1.4 expected)
centered on the neighborhood of Northridge (Relative Risk=8.7). In 1994, Northridge was the
epicenter of the North Ridge Earthquake, and while tenuous, there is research that points to a
relationship between increased maternal stress from large scale natural disasters during
pregnancy and autism risk (Kinney et al. 2007). The other secondary clusters of interest are
the most likely clusters of low risk. The most likely secondary clusters of low risk are located
in sparsely populated areas near San Diego. This is an area geographically and compositionally
distinct from the clusters of high risk. The age adjusted most likely secondary clusters of low
risk are located in the sparsely populated desert areas in the vicinity of San Diego for the 1996
to 2001 birth cohorts. In a typical year, a child born in these neighborhoods have a 200% to
300% less risk of being born with sole autism than in the rest of California.
The neighborhoods that are part of the primary clusters can be compared to neighborhoods that
are not part of primary clusters. We define the boundary of the primary clusters as the outer
boundary of the dark blue region in Figure 3. An appropriate comparison region is a 3 km
geographically contiguous area around the primary cluster. This is represented in Figure 5.
The comparison region (hereafter, buffer zone) has the same area and urbanicity/population
density (~3000 people/sq km) as the primary cluster. The median property value in the cluster
ranges from $300,000 to $499,999, while in the buffer zone it ranges from $150,000 to
$174,999. In addition, 62% of the cluster population -- compared to 41% of the buffer zone
population -- is white. Thus the primary cluster neighborhoods are socioeconomically different
from the buffer zones immediately around them. Primary clusters are associated with more
autism advocacy organizations (in 1993 and beyond) than expected by chance distribution.
Primary clusters are not related at any time to DDS Regional Center catchment areas.
Discussion
We identify temporally robust, statistically significant clusters. However, in our approach, the
spatial filter utilized by SaTScan is limited to circular geometries. Since, clusters can have
various shapes; this geometrical constraint can decrease statistical power, and increase true
negatives (Duczmal and Assuncao 2004). This, and the fact that we map the temporal stability
of the clusters may render our results less sensitive but more conservative and specific
(Duczmal et al. 2006, Kulldorff et al. 2006, Tango and Takahashi 2005). Since cluster alarms
are a serious public health concern (Fombonne 2003), it is required of us that we be
conservative. In addition, the sensitivity of a cluster search is dependent not only on the method
used, but also the granularity of the data (Ozonoff et al. 2007). From 1997 to 2001, our data
are at the block group level, which provide sensitivity to these analyses without increasing
false positives.
Since the clusters are birth clusters, they are not subject to significant temporal diagnostic
ascertainment bias. Area effects could be generated by (a) compositional effects, (b)
peculiarities of the physical environment, such as the presence of toxins, or (c) the social
environment, such as community cohesion or disorganization, or the interaction of some or
many of these elements. It is possible that families with an older sibling diagnosed with autism
move to areas where services are provided and subsequently give birth to a child at higher risk
for autism. If this were the case, selection of neighborhoods could play a role in the generation
of the primary cluster. An analysis of moves into the primary cluster we identify does not
support this hypothesis. While families with children with autism move more than comparable
families, moves tend to be short and within cluster boundaries. What cannot account for these
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local clusters are risks that are globally distributed without the identification of specific local
environmental interactions as a central causal mechanism.
Conclusion
Cluster reports, even when carried out with scientific rigor should be evaluated with caution
(Kingsley et al. 2007). The discovery of a pronounced spatial structure for autism suggests that
local environmental or social dynamics play a role in autism risk, but do not point precisely to
the causal process involved. Thus, cluster detection should be used to disprove rather than
confirm causality (Jacquez 2004). Here we identify clusters of significant high risk at a fine
resolution that are geographically stable over long periods of time. This indicates that our search
for the etiology of increased autism prevalence will be facilitated by focus on very local
processes.
It is possible that institutional diagnostic dynamics induce the clusters we observe. Specifically,
diagnosticians in the regional centers of the California Department of Developmental Services
(DDS) who serve the catchment areas for our clusters may be more likely to diagnose
individuals with autism in order to provide services than their counterparts servicing other
catchment areas. If this were the case, we would expect to observe that individuals diagnosed
with autism arising from the LA centers would – on average – be diagnosed as higher
functioning than those individuals arising from other DDS offices. This is not the case. With
respect to a global functioning score that encompasses repetitive behavior, communication and
social skills the two populations are equivalent. As institutional diagnostic dynamics are not
on the surface associated with increased autism prevalence within the LA cluster area, social
or environmental dynamics provide the most likely explanation.
Other institutional processes may be influential. The activity of advocacy organizations (lagged
one year for causal order) clearly plays some role in diffusing knowledge about autism, the
interpretation of behavioral symptoms, and may provide parents with resources and
information that assists them in their efforts to secure a diagnosis for their child. Likewise,
parents quite likely diffuse information through informal networks. If these dynamics are
operating, even very small environmental risks could yield the amplification of autism risk we
observe in the primary cluster areas. This requires a multivariate approach to study the interplay
of various, social, environmental and biological risk factors, and how they shape the autism
epidemic. Thus the next critical step is to incorporate multiple parameters into a simulated
complex world (Epstein 2009), where the emergence of the autism epidemic can be
interactively modeled and observed.
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Figure 1. Choosing an appropriate cluster size through nested visualization of scan results
(A) Risk decays as cluster size becomes larger. The effect is generally consistent through the
years. Nested clusters for the years (B) 1994 (C) 1997 and (D) 2000. The larger clusters nest
the smaller ones.
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Figure 2. Most likely or primary high risk clusters of sole autism
This figure displays the number of years a given block group belongs to a cluster. Concentric
rings show a central core, with block groups at the center belonging to a cluster more often
than block groups on the periphery.
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Figure 3. Most likely or primary high risk clusters of sole autism after adjusting for age
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Figure 4. Age adjusted secondary clusters of high risk
There are 38 age adjusted secondary clusters in the time period 1993–2001 with a median risk
of 3.2.
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Figure 5. Choosing an appropriate comparison neighborhood
A 3 km buffer around the “cluster” region forms an appropriate comparison neighborhood
Mazumdar et al. Page 14



































































































































































































































































































































































































































































































Health Place. Author manuscript; available in PMC 2011 May 1.
